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FTIR spectroscopy in combination with multivariate analysis has been proven a powerful tool
for the identification of microorganisms. It is a sensitive biophysical technique, which
performs microbial identification at different levels such as genus, species and in some cases
even strains. For building multivariate identification schemes, regression trees built on
artificial networks have been frequently used [1]. Partial Least Squares Regression (PLSR)
methods are multivariate methods, which are widely used for classification or discrimination
problems, but which have been only rarely used for building identification trees for FTIR
spectroscopy data [2]. PLSR is based on latent variables, which enable biochemical
interpretation on the basis of regression coefficients or PLS components, a prerequisite which
they do not share with classification schemes based on Artificial Neural Networks (ANN).
Regression coefficients and PLSR components provide valuable information on the principal
differences among classes. In order to enhance interpretation different variable selection
techniques have been introduced for PLSR. Recently, the use of sparse PLSR has gained
interest both in the field of genetics and metabolomics and been applied to FTIR spectroscopy
data [3, 4]. By sparse PLSR, noise can successfully be suppressed and important chemical
bands can be highlighted.
The aim of this study was to investigate the use of sparse PLSR for classification problems.
As a test data set, spectra obtained from fifty-nine food spoilage mould strains were used[2, 5].
A regression tree based on a phylogenetic tree consisting of 5 levels (Division, Class, Genus,
Sub-genus and Species) and 13 different species in total was established. In each node, sparse
PLS discriminant analysis was used. The model achieved high classification results
(classification rate 85%) and even more importantly sparse and highly interpretable regression
coefficients.
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